In clinical evaluation of upper extremity, there is a lack of assessment methods that are quantitative, reliable, and informative of the overall functional capability of an individual. OBJECTIVE: We present new methodology for the assessment of upper extremity impairments based on the concept of 3-dimensional reachable workspace using Microsoft Kinect. METHODS: We quantify the reachable workspace by the relative surface area representing the portion of the unit hemisphere that is covered by the hand movement. We examine accuracy of joint positions, joint angles, and reachable workspace computation between the Kinect and motion capture system.
Introduction
There are many clinical outcome measures in use pertaining to the upper extremity, such as: manual and quantitative muscle test (MMT, QMT), range of motion (ROM) [1] , standardized timed function tests (e.g. 9-hole peg test) [2] , Jebsen-Taylor hand function test [3] , Wolf Motor Function Test [4] , Brooke test [5] , Fugl-Meyer assessment, and many others that were developed to evaluate impairments in specific conditions (e.g., [6] [7] [8] [9] ). One of the most commonly used standard measures across multiple conditions is ROM. Traditional ROM goniometry assessment consists of moving the joint through its angular range in different body planes and measuring the joint limits using a protractor goniometer. The ROM measurement using this method can suffer from low accuracy and large inter-and intra-examiner variability as it depends considerably on the experience of the clinical evaluator [10] . Furthermore, ROM information is typically provided as a list of numerical joint angle limits, which makes comparison of data challenging and visualization of the overall functional performance of an individual difficult.
To address the lack of clinical tools in this area, we propose a new methodology for the assessment of upper limb function using the concept of reachable workspace. The reachable workspace is wellestablished in robotics to graphically represent the boundaries of the working volume of a robotic manipulator [11] . Among the first applications of workspace analysis in human was the ergonomic evaluation of an airplane pilot's workspace envelope reported in [12] . Other researchers have investigated the workspace envelope by analyzing kinematic models of the upper extremity with an individual's anthropometric data [13] [14] [15] . Analysis of the human workspace has also been presented in several works related to the design of robotic devices for human-machine interaction [16, 17] .
Klopčar and Lenarčič [18] were the first to investigate how the reachable workspace volume could be used to evaluate the functionality of the upper extremity based on an articulated kinematics model of the arm and standardized goniometric measurements.
Since the standardized goniometric measurements can be time and resource intensive efforts, we propose to evaluate the reachable workspace from a well-defined movement protocol captured via a depth-sensing camera, such as the Microsoft Kinect. Initially we developed the methodology using a marker-based stereo system and demonstrated its discriminative properties to characterize upper-limb dysfunction in patients with various neuromuscular conditions [19] . While the use of the early system was effective for functional workspace characterization, its implementation in an applied clinical setting was hampered by the cost of the stereo camera, extended preparation time, and burden on the patient since the system required application of markers.
Consumer depth-sensing cameras, such as Microsoft Kinect, have in the recent years gained significant traction in various applications outside gaming. Unlike the motion capture system that requires users to wear markers, the Kinect utilizes an infrared-based depth sensor and a color camera for relatively accurate real-time 3D scene capture with built-in skeletal tracking capabilities [20] . To date, Microsoft Kinect has been evaluated for several clinical applications including postural control assessment [21] , inhome fall risk assessment [22] , upper-extremity function quantification [23] , physical rehabilitation [24, 25] , sports [26] , and exercise [27] .
In this paper, we focus on the technical aspect and accuracy of proposed methodology for assessment of reachable workspace as a potential outcome measure for the upper extremity. We extend our initial presentation in [28] by providing additional details on the methods and more comprehensive analysis of the data, including statistical analyses of the joint positions and angle accuracy, validity and reliability of the reachable workspace, and statistical test for the effects of gender and hand dominancy.
Methods

Experimental setup and calibration
For the evaluation of the reachable workspace, we used Kinect for Windows camera (Microsoft, Redmond, WA) which is capable of capturing color and depth images with 30 frames per second (fps). The depth acquisition is based on active sensing of infrared pattern projected onto the scene, which provides a robust estimation of depth at each pixel with the resolution of 320 × 240 pixels and accuracy of 10-40 mm in the range of 1-4 m [29] . The skeletal tracking capability of the Microsoft Kinect SDK provides the 3D location of 20 joints of tracked user. The skeletal tracking is based on a per-pixel classification of the depth image into body parts from a large training data set, followed by fitting of a skeleton into the hypothesized joints with temporal continuity constraints [20] .
As a reference, we simultaneously collected data with Impulse motion-capture system (PhaseSpace, Inc., San Leandro, CA), which can uniquely identify and track the 3D positions of LED markers with sub-millimeter accuracy at a frequency of 480 Hz. For the validation experiments, each subject wore a tight-fitting shirt equipped with 18 markers on the upper body, 3 additional markers on dorsal side of each hand, and 3 markers on the head. In total, 3D positions of 27 markers were recorded. The location of the markers was chosen to correspond with the standard motion capture layout used for skeleton fitting where each body segment is outfitted with at least two markers. To analyze the motion of individual body segments, we rigged the markers with a skeleton using Recap 2.0 software (PhaseSpace, Inc.). Recap software includes a calibration procedure to determine the dimensions of the skeleton segments and the joint rotation axes from the movement of the surface markers. The calibration consists of rotating different body segments (e.g., wrist, elbow, shoulder) while standing in the standard T-pose. The final upper-body skeleton comprises of 17 joints which were matched with the upper-body kinematic structure of the Kinect by reducing the complexity of the spinal kinematic chain of the motion-capture system.
For data acquisition, the Kinect was positioned approximately 120 cm above the floor and centered under a 55" TV screen (used for feedback) with the motion capture cameras arranged in a circular form around the capture space. The subject was seated on a chair with a relatively small footprint to avoid interference and occlusion of body parts with data acquisition. The two systems were synchronized using a Network Time Protocol (NTP) service. To align the motion data in 3D space, the Kinect camera was first calibrated using the standard checkerboard method to obtain intrinsic parameters. In the second step, the projection transform between the Kinect color camera and motion capture was obtained from collected 3D point cloud generated by a moving LED marker. The alignment was further refined by estimating the rigid transformation between the skeleton joint trajectories of the two systems after the temporal alignment. Figure 1(b) shows the resulting skeletons after the geometric and temporal alignment.
Upper extremity reachable workspace protocol
The upper extremity movement protocol ( Fig. 1(a) ), initially presented in [19] , was adapted for the use with the Kinect camera to cover cardinal movements of the shoulder. From the initial resting position of adducted arm at the side of the body with the palm facing forward, the arm is lifted above the head while keeping the elbow extended, performing the same movements in the vertical planes of 0, 45, 90, and 135 degrees. The second set of movements consisted of horizontal sweeps at the level of the umbilicus and shoulder. Both vertical and horizontal movements are performed in one recording session, lasting approximately 1 minute. To standardize the assessment and control for execution speed, the participants followed the movement through a video feedback. The feedback screen included a mirrored 3D image of the participant alongside a video playback of the movement protocol as shown in Fig. 2 (a).
Subjects and experimental procedure
The reachable workspace evaluation was performed on 10 healthy subjects (mean age of females: 29.2 ± 15.8 years; mean age of males: 32.6 ± 5.5 years; combined mean age: 30.9 ± 11.3 years) who had no known history of upper extremity impairments and had a normal ROM in the shoulder. The demographic information and shoulder joint goniometry data, which was measured by a physical therapist, are reported in Table 1 . In addition, we report on preliminary results obtained in a 74 year-old female subject with Facioscapulohumeral muscular dystrophy (FSHD), who was captured only by the Kinect camera at the clinic using the same movement protocol.
Each subject was first briefed on the experimental protocol and signed a consent form that was approved by the University Institutional Review Board Administration. After subject donned the suit with markers, we collected the skeleton calibration data. Next, the subject watched full-screen instructional video of the movement protocol. The kinesiologist provided additional instructions on body posture and limb positioning to ensure that no significant substitution or compensatory movements were utilized. Finally, three repetitions of the movement protocol on each side were recorded.
Data analyses
Kinematic data processing
The data collected from the motion-capture was first imported to Recap to generate the upper body skeleton based on the collected calibration data. For all recordings, occluded motion trajectories of markers were interpolated using cubic interpolation while the final trajectories of joints were filtered with an infinite impulse response (IIR) Butterworth filter with a cut-off frequency of 30 Hz. The remainder of the analysis was performed in Matlab (MathWorks, Natick, MA), where the recordings from the motion capture and Kinect were aligned based on the time stamp data. The motion trajectories from the motioncapture system were re-sampled from 480 Hz to 30 Hz to match the temporal time stamps of the Kinect recordings.
Joint estimation and angular analysis
To analyze the robustness of the pose estimation of the Kinect skeleton tracking, we compared the location of the joints with those obtained from the motion-capture skeleton. For each measured skeleton pose t and joint j ∈ {left shoulder, left elbow, left wrist, right shoulder, right shoulder, right wrist}, we computed the Euclidean distance as: D i,j = x t,j,Kinect − x t,j,Mocap L2 . Due to differences in the kinematic structures of the two skeletons, the distance between the joint positions was not expected to be zero, but rather a constant value μ j with some variance σ j around the joint location. The kinematic data was modeled by a simplified kinematic structure using a spherical joint in the shoulder and hinge joints in the elbow and the wrist. To further examine the variability of the angular measurements across all subjects and repetitions, we applied dynamic time warping (DTW) to angular measurements.
Reachable workspace data analysis
The key steps of the algorithm to determine the reachable workspace are presented in Fig. 3 . The ideal reachable workspace for the given model is a spherical enclosure [14] encompassing the set of farthest points relative to the torso that an individual can reach naturally by moving their arm in full extension. To calculate the workspace boundaries, we first determined the parameters of the sphere by the least-squares fitting to the captured hand trajectory. Next, we transformed the trajectory coordinates into the spherical coordinates with the two angles corresponding to shoulder flexion/extension and abduction/adduction measurements. In the new parameterized space, we located the maximal boundaries of the trajectory by fitting a concave polygon to the data points using the alpha shape geometry with π/4 radius [30] . The radius was chosen based on the approximate gap between the movement directions. To smooth the concave boundary, we applied Catmull-Rom splines [31] with the control points sampled from the original boundary polygon.
Next, we identified the points on the spherical surface that were located both inside and outside the boundary polygon, and back-projected that information into the Cartesians coordinates to cull the surface patches accordingly. Furthermore, we divided the workspace into four quadrants that corresponded to clinically relevant functional subspaces (e.g. above/below shoulder, ipsilateral/contralateral side of the body with shoulder joint as the origin in the sagittal plane as shown in Fig. 2(b) ). The total surface area was determined as the sum of the active surface patches across the quadrants and was further normalized with respect to surface area of a unit hemi-sphere (by dividing it by a factor of 2πR 2 where R corresponds to the radius of the fitted sphere) to allow comparison of the results between subjects. The assessed relative surface area (RSA) therefore lies between 0.0 and 1.0, where 1.0 represents reachable workspace envelope of the entire (frontal) hemi-sphere.
Statistical analyses
The validity of the reachable workspace evaluation was defined as the agreement of the Kinect-based measurement with the more accurate motion-capture system. The reliability of the assessment was defined as the consistency of the measure with repeated observations by the two systems. To assess the reliability, we analyzed three repeated measurements performed on the same day for the dominant and non-dominant arm. A one-way repeated-measure analysis of variance (ANOVA) was used to determine the reliability during each activity. Individual error scores of zero indicate reliability. Bland-Altman plots were used to show the dispersion of the individual reliability of the measures. For the analysis of the average values of the parameters, we report arithmetic mean and the corresponding standard deviation intervals, unless otherwise noted. The statistical analysis was performed with Microsoft Excel and Matlab Statistical Toolbox.
Results
Pose analysis
To compare the Kinect system to the motion capture for the experimental protocol, measurement differences of the upper extremity joints were calculated and averaged for the 10 subjects. The offset of each joint is a time-averaged difference between the measurements from the two systems. The joint Table 3 Mean (μ) and standard deviation (σ) joint angle differences between Kinect and motion capture position offsets for each subject were averaged across three trials. The mean and standard deviations of the offsets for the 10 subjects and both protocols (right and left sides) were calculated. The mean joint ± 0.033 ± 0.031 ± 0.026 ± 0.008 ± 0.067 ± 0.046 ± 0.036 ± 0.025 ± 0.008 ± 0.089 * The results show mean relative surface area (RSA) and standard deviation. Refer to Fig. 2 for division of the quadrants.
position differences ranged between 33.5 mm and 66.3 mm. The standard deviations ranged between 8.6 mm and 59.7 mm with the right and left hand locations having the largest standard deviations for their respective protocols. Similarly, the standard deviations were highest for all the joints of each side while subjects were performing the protocol on the same side, and they were lowest while the joints on the opposite side were held still during the protocol. The average results across all subjects are reported in Table 2 .
Angular analysis -goniometry
The measurements of the subjects' joint angles were calculated using a similar method as described in the pose analysis. The mean differences and standard deviations for all 10 subjects are shown in Table 3 . The angular differences varied greatly on both sides and throughout both protocols. The standard deviations were highest for the vertical shoulder angle, and were particularly high for each side during their respective protocol. Further analysis of the data showed that subjects 1, 4 and 7 had significantly higher standard deviations across trials which increased the overall standard deviations results.
To further examine the variability of the angular measurements, we aligned the vertical and horizontal angle trajectories obtained across 10 subjects and three repetitions using DTW. We calculated the mean and standard deviation of the aligned trajectories for the motion capture and Kinect system, respectively. The angular results of the motion capture show small but consistent variability for the motion capture across the entire movement sequence (Fig. 4(a) ). On the other hand, the angular trajectories obtained from the Kinect show more variability, in particular during horizontal sweeps (Fig. 4(b) ) when the arm is pointing towards the camera, resulting in less reliable pose estimation due to occlusions. Figure 5 shows the RSA of the reachable workspace for non-dominant and dominant side. For each subject, we captured three repetitions whose results are shown with the triangular markers. The bars represent the mean values of the RSA for each subject from the motion-capture and Kinect. In most subjects, the variability between trials was low. Subjects 4, 6 and 9 exhibited considerably higher RSA in the non-dominant side while the performance for the other subjects was similar for both sides. Two-way ANOVA was used to assess whether gender and hand dominancy had an effect on the total RSA measured by the motion capture, which was used as the reference measurement. The mean and standard deviations are presented in Table 4 . The two-way ANOVA showed no significant main effect for the gender factor F(1, 16) = 4.23, p = 0.056; no significant main effect for the dominancy factor F(1,16) = 0.36, p = 0.554; the interaction between gender and dominancy was also found to be not significant F(1,16) = 0.042, p = 0.840. For further analysis, we therefore looked at combined values for gender and dominancy. Data from the Kinect showed more significant effect from gender (P = 0.012); but not for dominancy or combined. Figure 6 shows the decomposition of the assessed RSA into the four quadrants. The results show high consistency in the quadrants III and IV with more variability in the two contralateral quadrants I and II (those that require reaching across the body). Figure 7 (a) shows the scatter plot of the total reachable surface area (RSA) obtained by the two systems. The analysis shows high correlation between the datasets (R 2 = 0.79, F(1,19) = 69.07, p < 0.001). In almost all the subjects, measurement with the Kinect resulted in slightly larger RSA values. conducted to compare the total RSA captured by the two systems in individual subjects. There was no significant difference in the total RSA for motion capture (M = 0.672, SD = 0.067) and Kinect (M = 0.732, SD = 0.089); t(19) = −6.38, P < 0.0001.
Reachable workspace
Validity
Reliability
To assess the test-retest reliability of the Kinect-based assessment, we analyzed the correlation between the first and second trials and the first and third trials. Figure 8(a) shows the reproducibility of the total reachable workspace area during trial 2 and trial 3 compared to trial 1. The results show high agreement between the trials with correlation coefficients of 0.86 and 0.93 respectively (trial 2 vs. trial 1: R 2 = 0.74, F(1,19) = 50.13, p < 0.001; trial 3 vs. trial 1: R 2 = 0.87, F(1,19) = 115.9, p < 0.001). The Bland-Altman plot in Fig. 8(b) shows the dispersion of the individual reliability of the total RSA. The mean difference in total RSA was small (0.0024) and not significantly different from zero, with the majority of the data points within the 95% limits of agreement.
Discussion
In addressing the clinical needs for an outcome measure for upper-limb function, our goal was to develop a methodology that would be reliable, easy to administer, time-efficient, and cost-effective, while being able to capture an individual's impairments related to functional space of the upper limbs. To address the validity and reliability of the proposed methodology, we performed a three-step evaluation by examining (1) joint positions, (2) joint angles, and (3) reachable workspace computations.
The joint position offsets and their standard deviations were the highest for all the joints of each side while subjects were performing their respective protocols. The offsets had the lowest values while the joints on the opposite side were held still during the protocol. These findings were expected since the joint positions are most accurately measured when the subject is not moving. It should be noted that subject 4 had the highest variability across trials, thus potentially skewing the results of both the joint position and joint angle offsets. Our findings suggest that the Kinect is accurate within 66.3 mm compared to the motion-capture system for our experimental protocol. As previously stated, these offsets arise from the differences in the technologies and inherent kinematic models of the individual systems. The measurement of the joint angle offsets between the two systems proved to be more difficult to accurately quantify. Although the key poses of our movement protocol are similar to those used in the active ROM measurement, the peak angle measurements cannot be directly compared due to the dynamic nature of the motion capture and Kinect systems. As previously noted, subjects 1, 4 and 7 had the highest standard deviations for the measurements of joint angles. These subjects had the highest active ROM goniometric measurements and were all female ( Table 1 ). The effect of gender on the accuracy is later discussed.
To minimize additional transient errors due to differences in system performance, DTW was also used to calculate both the joint position and angle offsets. The differences in the results were minimal for the joint position offsets (<2%) while the differences in the joint angle offsets were typically <10%. This suggested that the system performance was likely not a significant factor in error contributions. Additionally, the analyses of the data did not vary based on the results of the DTW data.
The analysis of variance for the effects of gender and hand dominancy on the total RSA values showed no significant effects of the two parameters. The Kinect data, however, showed significant effect of gender. In our previous study [19] on a larger population (N = 20), we found no effect of gender on the reachable workspace performance. The groups in this study were considerably smaller while being more diverse with respect to age. The female group of this study included two subjects, both 17 years old, who scored high values. We hypothesize that by examining the reachable workspace of a larger group of female and male subjects of different age groups, some differences would be revealed in total RSA. In particular, the upper quadrants would most likely vary since they require a higher level of flexibility. Other studies of upper limb ROM, which is closely related to reachable workspace, reported the effect of gender to be much weaker than that of age [32] . Similarly, the effect of hand dominancy on ROM was found to be significant for some of the joints, but the reported difference were small and thus not clinically relevant [1] .
We also examined the validity of the Kinect-based assessment with respect to the motion-capture. While high agreement between the two systems was found, the Kinect measurements somewhat overestimated the movement trajectories and consequently the corresponding RSA values. The skeletal tracking on the Kinect includes several filters which are adjustable for various applications that trade-off between accurate tracking and smoothness of movement trajectories. Our joint filtering parameters were set as follows: 0.5 for smoothing, 0.5 for correction, 0.5 for prediction, 5.0 cm for jitter radius, and 4 cm for maximum deviation radius (as defined by Kinect SDK), which produce smoother trajectories with small latency. While the low latency faithfully tracked the actual joint positions, the predictive filter still generated some overshooting when faster movements were executed or movement direction was altered.
Finally, we investigated the reliability of the reachable workspace measurement by performing testretest analysis of three consecutive trials. The Bland-Altman analysis in conjunction with the correlation between 0.86 and 0.93 suggested a high repeatability between trials. We believe that the visual feedback assisted the subjects during the assessment to help them correctly perform the movement protocol. Future reliability analyses over a course of several days are needed to evaluate the effect of biological variability on the proposed measure.
To illustrate the application of this methodology as a potential outcome measure of upper limb function, we show the difference in the reachable workspace between a healthy control (left) and a subject with FSHD (right) in Fig. 9 . One of the typical symptoms of FSHD is shoulder girdle muscle weakness as exhibited in difficulty raising hand overhead. The results in Fig. 9(b) show considerable reduction in the reachable workspace of the upper two quadrants, while the functionality in the lower two quadrants are well preserved and similar to that of the healthy control. With a clinical test using Brooke upper extremity functional scale [5] , the subject's functional grade for the upper extremity was 3, which is explained as an inability to "raise hands above head but can raise an 8 oz. glass/cup of water to mouth (using both hands if necessary)". The graphical representation of the patient's reachable workspace with its deficient areas in the upper quadrant correlates well with the functional status of the patient.
One of the limitations of this evaluation study was the small sample size of subject groups with respect to gender and age. We chose to include subjects of wide age range to evaluate the applicability of the developed system in general population. Additionally, the kinematic model of the reference skeleton was simplified to assume an ideally spherical workspace. Although the kinematic structure of the shoulder joint is much more complex [14, 18] than presented in this paper, we attempted to balance the tradeoffs between complexity and accuracy with versatility and clinical relevancy of the developed outcome measures. We hypothesize that a more elaborate model would not considerably improve the outcomes of the method because the biological variability of the movement is greater than the accuracy gained from using such a highly accurate model. Future studies may examine modifications to the kinematic model for different clinical or research applications.
Conclusions
In this study, we examined the validity and reliability of a novel method for assessing upper-limb workspace using the Microsoft Kinect system. The findings indicate that the proposed 3D reachable workspace analysis provides sufficiently accurate and reliable results as compared to motion-capture system. The analysis of joint positions and angles showed that the dynamic measurements had large deviations in certain poses (e.g. arm extending towards the camera) and particularly with some female subjects. To improve the accuracy of the angular measurements, the output of the Kinect tracking could be calibrated with respect to more accurate motion capture and corrected for using regression equations as suggested in [33] . Despite relatively large differences in average angle and joint positions, we showed that the reachable workspace envelope as proposed in this study was robust to such deviations.
The results of this study indicate that the proposed methodology could be valuable for clinical evaluation of upper extremity in neurological or musculoskeletal conditions. The RSA of the workspace could provide more sensitive and useful global upper extremity functional measure for following disease progression or effects of various therapeutic interventions. In addition, the obtained reachable workspace data can be further correlated with patient-reported functional deficits in activities of daily living (ADL) or different standardized and established clinical measures. In future studies, evaluation of the sensitivity of the system in longitudinal studies and correlation with clinically-meaningful upper extremity functional status will have additional prognostic implications for this novel outcome measure.
